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SUMMARY 
This paper considers the problems which arise in seeking to measure socioeconomic inequalities in health when 
the health indicator is a categorical variable, such as self-assessed health. It shows that the standard approach- 
which involves dichotomizing the categorical variable-is unreliable. The degree of measured inequality is found 
to depend on the cut-off point chosen and the choice of cut-off point to affect the conclusions one can reach about 
trends in or differences in health inequality. The paper goes on to propose an alternative approach which involves 
constructing a latent health variable and then measuring inequalities in this latent variable by means of a variant 
of the health concentration curve. 
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A major problem confronting researchers seeking 
to  measure socioeconomic inequalities in morbi- 
dity is that many-if not most-morbidity indic- 
ators are categorical rather than continuous. 
Obvious examples include the presence or absence 
of chronic and acute conditions, and self-assessed 
health. In contrast to the former two indicators, 
which are dichotomous, self-assessed health is 
typically measured on a scale comprising at  least 
three categories. Our concern in this paper lies 
specifically with such multiple-category health 
indicators. 
One approach to  comparing the degree of ine- 
quality in self-assessed health in two years or two 
countries is simply to  compare the proportions in, 
say, each income group falling into each self- 
assessed health category. ’ Such a comparison 
does not lend itself, however, to  the quantification 
of inequality, since the appropriate inequality 
measures-notably the slope index of 
i n e q ~ a l i t y ~ * ~ * ~ * ~  and the health concentration 
index6%’-require information on health in the 
form of either a continuous variable or a dichoto- 
mous variable. The approach adopted to date by 
researchers seeking to  measure inequalities in 
health using multiple-category health indicators 
has been to  dichotomize the self-assessed health 
indicator by choosing a cut-off point. The 
measurement of socioeconomic inequality then 
proceeds by analysing the variation across, say, 
income groups in the percentages of persons 
reporting their health as, say, ‘good’ or worse 
than ‘good’. 8,9 
This approach suffers from two obvious short- 
comings. First, it entails a loss of information, 
since some of the cross-sample variation is lost as 
a result of the dichotomization. Second, the 
choice of the cut-off point is inevitably arbitrary. 
More importantly, the choice of cut-off point can 
affect the degree of measured inequality. In the 
empirical results reported below, the lower the 
cut-off point, the greater is the degree of 
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measured inequality. This can result in different 
conclusions being drawn concerning changes in 
inequality over time, depending on the cut-off 
point chosen. We suspect, though we do not have 
any empirical results confirming this, that the 
same may well be true in cross-country compar- 
isons. This problem is compounded by the fact 
that the number of categories used in questions on 
self-assessed health varies across surveys. The 
self-assessed health question in the UK General 
Household Survey, for example, contains three 
categories, while similar questions in the US 
National Medical Expenditure Survey and the 
Dutch Health Interview Survey contain four and 
five categories respectively. 
In this paper we propose an alternative 
approach to the measurement of inequalities in 
health in the presence of multiple-category morbi- 
dity indicators, involving the construction of a 
continuous standardized latent health variable. 
Since the standard health concentration curve 
cannot always be used to analyse inequalities in a 
standardized latent health variable, we also 
develop a new concentration curve which is suited 
to such a task. We illustrate our approach-and 
the deficiencies of the traditional approach-using 
data from the Dutch Health Interview Survey. 
THE HEALTH CONCENTRATION CURVE 
Our concern is with the measurement of relative 
socioeconomic inequality in health. By ‘relative’ 
inequality we mean that our measure of inequality 
should not depend on the mean level of health, so 
that if everyone’s health doubled, measured 
inequality would remain unchanged. The issue of 
relative inequality is, of course, an issue of 
interest in its own right. But in the context of self- 
assessed health there is an additional motive for 
undertaking such an analysis, namely that the 
scope for an analysis of absolute inequality-at 
least in the context of international compari- 
sons-is rather limited, since differences in overall 
proportions falling into each category almost 
certainly reflects differences in the wording of 
questions in the relevant questionnaires. By 
‘socioeconomic’ inequality we mean that 
measured inequality ought to reflect the 
socioeconomic dimension to inequality. It ought 
to be able to distinguish, for example, between a 
situation where the least healthy in society are 
millionaires and one in which the least healthy are 
unskilled manual workers. 
Constructing the health concentration curve 
Suppose we rank individuals by their 
socioeconomic status (as measured by their 
income, or social class, or whatever), beginning 
with the most disadvantaged. Suppose too that we 
have available a continuous measure of health- 
an assumption which we relax in a moment. 
Finally, assume that the data are grouped 
according to  individuals’ socioeconomic status. 
This latter assumption simply eases the exposi- 
tion. It is not essential but is also not unrealistic, 
since data frequently are grouped in this context, 
not least because typically they are first age-sex 
standardized. 
The health concentration curve-labelled ghrrh 
in Figure 1-plots the cumulative percentage of 
the sample (beginning with the most disadvant- 
aged and ending with the least disadvantaged) 
against the cumulative percentage of health. Thus 
if fi is the fraction of the sample in group t ( T  
groups in total), xt is the group’s mean health, 
these cumulative percentages are given by 
where x = Cf= , f txt  is the mean health of the 
sample. If health is equally distributed, ghlrh will 
coincide with the diagonal. If good health is 
concentrated amongst the least disadvantased, 
0% 20% 400.6 6094 80°b 10046 
cumul 94 of population ranked by S E S 
Fig. 1 .  Health concentration curve. 
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gh/rh will lie beneath the diagonal as in Figure 1, 
while the opposite will be true if good health is 
concentrated amongst the most disadvantaged. 
The health concentration index, C, is defined as 
twice the area between g h / t h  and the diagonal. If 
the concentration curve is assumed to be piecewise 
linear-other assumptions are possible ‘‘-the 
index can be computed simply using the 
formula I ’  
(2) 
The index ranges from -1 (when only the most 
disadvantaged person is healthy) to  +1 (when 
only the least disadvantaged person is healthy). It 
takes a value of zero when there are no ine- 
qualities in health and therefore ghlth coincides 
with the diagonal. It is worth noting that the index 
also takes a value of zero when inequalities 
favouring (or disfavouring) the least disadvant- 
aged are exactly offset by inequalities favouring 
(or disfavouring) the most disadvantaged. In this 
case g h m  crosses the diagonal and the two areas 
between g h / t h  and the diagonal before and after 
the cross-over point are the same size and hence 
cancel one another out. 
The concentration curve can easily be adapted 
to handle situations where it is ill-health-rather 
than health-whose distribution is being investig- 
ated. In this case the concentration curve lies 
above the diagonal when ill-health is concentrated 
amongst the most disadvantaged. The concentra- 
tion index is computed as twice the area between 
the illness concentration curve and the diagonal, 
and is negative when ill-health is concentrated 
amongst the most disadvantaged. 
t =  1 1 = I  
Relationship with slope index of inequality 
As we have shown elsewhere, ’ the concentra- 
tion index is closely related to  the slope index of 
inequality (SI1)-an index widely used in the liter- 
ature on inequalities in health. The SZI is equal to 
the slope of a regression of health on the relative 
ranks of the socioeconomic groups, a group’s 
relative rank, Rr, being defined as 
1 - 1  
y = l  
R t =  fv+:.h, (3) 
and therefore indicating the cumulative propor- 
tion of the population up to the midpoint of each 
interval. Since grouped data are being used, the 
appropriate estimation method is weighted least 
squares (WLS) rather than ordinary least 
squares.’ If ~ W L S  is the WLS estimate of the slope 
from the regression of health on R t ,  the 
concentration index can be calculated as 
P W L S  C =  2.var(Rt) -=- 
X 
(4) 
where var(R,) is the variance of the relative rank 
and X is the mean of x. 
THE DANGERS ASSOCIATED WITH 
CHOOSING ARBITRARY CUT-OFF POINTS 
Suppose that health-or ill-health-is measured 
by a categorical variable rather than a continuous 
variable. Where the variable is dichotomous and 
grouped data are being used, the obvious strategy 
is to calculate for each socioeconomic group the 
percentage of persons falling into the bottom 
category (e.g. reporting a chronic condition) and 
then plot the cumulative percentage of the sample 
(ranked by socioeconomic status) against the 
cumulative percentage of ‘sick’ persons. 
This procedure can also be followed when the 
morbidity indicator has more than two categories, 
once the indicator has been dichotomized. How- 
ever, this practice, as we indicated in the introduc- 
tion, is not entirely satisfactory. To illustrate the 
problems we report some results obtained using 
data for adults from the Dutch Health Interview 
Survey. Socioeconomic status is measured by net 
income of the head of household plus any (net) 
income of the partner. The self-assessed health 
question reads ‘How is your health in general?’ 
and the five possible answers are ‘very good’, 
‘good’, ‘fair’, ‘sometimes good, sometimes bad’ 
and ‘bad’. I *  
Table 1 and Figure 2 show the implications of 
altering the cut-off point for the degree of 
Table 1 .  Illness concentration indices for different 
cut-off points 
199 1/ 92 1989190 
Bottom 1 category - 0.3235 - 0.3402 
Bottom 2 categories - 0.2848 - 0.2659 
Bottom 3 categories - 0.2056 -0.2176 
Bottom 4 categories - 0.0340 - 0.0354 
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0% 20% 40% 60% 80% 100% 
cumul % of sample ranked by income 
+Bottom 1 +Bottom 2 +Bottom 3 -& Bonom 4 
Fig. 2. Effects of health inequality of raising cut-off 
point. 
measured inequality for 1989/90 and 1991/92. 
(The data have not been age-sex standardized, 
since we wish simply to focus on the implications 
of choosing different cut-off points and standard- 
ization is unlikely to make much difference to 
these conclusions.) As is apparent from Table 1 
and Figure 2, as the cut-off point is raised, the 
illness concentration curve moves closer to the 
diagonal, coinciding with the diagonal as the 
cut-off point is raised to the top category. Thus 
the lower the cut-off point, the greater is the 
degree of measured inequality-a result which is 
consistent with the findings of other researchers. 
The concentration indices in Table 1 also reveal 
that the ordering of the two pairs of years depends 
on where the cut-offpoint is set: measured ine- 
quality is smaller in 1991/92 than in 1989/90 if the 
cut-off point is set so as to include only the two 
bottom categories of the multiple-category vari- 
able in the bottom category of the new dichoto- 
mous variable, but higher in 1991/92 if any other 
cut-off point is chosen. These results clearly cast 
doubt on the reliability of the dichotomization 
approach. 
AN ALTERNATIVE APPROACH 
An alternative is to assume that underlying the 
categorical self-assessed health variable is a con- 
tinuous latent variable representing the indi- 
vidual’s self-assessed health. Suppose that the 
categorical self-assessed health variable-which 
we denote by y-has J categories, with category 
1 corresponding to the worst health and J cor- 
responding to the best. If we denote the latent 
health variable by y*, we can assume that y and 
y* are related as follows: 
y = l  if - - cy*<cu l  
y = 2  i f c x < y : < c u  
y = 3  if a 2 < y  <a3 ( 5 )  
where the cuj are thresholds. Evidently it is 
important to  ensure that the scale of y* is inde- 
pendent of the number of categories J .  Moreover, 
since our concern lies with relative inequality, we 
wish to abstract from any differences in mean 
health across surveys. 
A standard normal latent health variable 
A simple strategy-we consider an alternative 
in a moment-is to assume that y* has a standard 
normal distribution. Values of y* can then be 
computed for each respondent as follows. l 3  The 
J -  1 thresholds are estimated as 
where is the inverse standard normal cumula- 
tive density function, nj is the number of cases in 
category j and N is the total number of cases. In 
effect, then, the thresholds are set so that the area 
under the standard normal distribution is divided 
up in proportion to the numbers falling into each 
of the Jcategories. Once the thresholds have been 
estimated, the mean values of y* in each of the J 
intervals aj- 1 < y* < aj can be estimated as 
normal scores using the formula 
(7) 
where the 2j are the normal scores in question and 
+ ( a )  is the standard normal density function. 
Using the method outlined above, each indi- 
vidual can be assigned one of the J values of y*. 
The analysis of inequalities in health can then 
proceed by analysing inequalities in the con- 
tinuous latent health variable y* rather than ana- 
lysing inequalities in the ordinal health indicator 
y .  A moment’s reflection will reveal, however, 
that the concentration curve device in Figure 1 
5 = (N/nj)  I + t ( b - 1 )  - +(Gj)I 
MEASURING INEQUALITIES IN HEALTH 285 
cannot be used for such an analysis, since it 
requires that the mean of the variable whose 
distribution is being analysed be positive. (Other- 
wise one cannot calculate the percentage shares.) 
In our case the (weighted) mean of y* is zero and 
hence the standard concentration curve cannot be 
used. 
The literature on generalized Lorenz curves l4 
suggests an alternative, namely a generalized 
concentration curve. Suppose that instead of plot- 
ting pt against ct as in the concentration curve 
diagram above, we plot pr against c ; ,  where 
c: = c fyY,*, (8) 
y =  1 
which is simply the cumulative amount of latent 
health, N C:= fyy;, averaged across the sample. 
Evidently 
c6 = 0 
and, since y* is a standard normal variable, we 
also have 
c; = 0. 
If health does not vary across the sample, 
c: = ovt 
since y :  = Ovt, and the latent health concentra- 
tion curve simply runs along the horizontal axis. 
If, by contrast, ill-health is concentrated amongst 
the lower socioeconomic groups, these groups will 
tend to have negative values of y: while the utper 
groups will tend to have positive values of y f  . If 
y: rises monotonically as one moves up the 
socioeconomic distribution, the result will be a 
teardrop-shaped latent health generalized 
concentration curve along the lines shown in 
Figure 3. Clearly the further this curve is away 
from the horizontal, the greater is the degree of 
socioeconomic inequality in health. 
It is worth noting that although the shape of 
our concentration curve is similar to that of the 
absolute Lorenz curve discussed by Moyes15 and 
Jenkins, I6 the comparison is potentially mis- 
leading, since the zero mean of our latent health 
variable ensures that our concentration curve is 
relevant for the analysis of relative inequality 
rather than absolute inequality (the analysis of 
which clearly needs to allow for different means). 
The above suggests that an appropriate index 
for measuring the degree of inequality in latent 
health would be (twice) the area between the hori- 
0% 20% 40% 60% 80% 100% 
cumul *A of population ranked by S.E.S 
Fig. 3. Generalized latent health concentration curve. 
zontal axis and our generalized concentration 
curve. If the concentration curve is assumed to be 
piecewise linear, it can be verified that this 
concentration index, C‘ , can be calculated using 
the formula 
which is positive when the concentration curve 
drops below the horizontal axis, zero when the 
concentration curve runs along the horizontal axis 
and negative when the concentration curve lies 
above the horizontal axis. C‘ is also zero when the 
concentration curve crosses the horizontal axis 
but the area to the left of the cross-over exactly 
equals the area to the right, the implication being 
that inequalities favouring, say, the better-off 
are exactly offset by inequalities favouring the 
worse-off 
As is to be expected, there is a relationship 
between the proposed index of inequality and the 
slope index of inequality. It is well known in 
the income inequality literature that the Gini 
coefficient-defined as twice the area between the 
Lorenz curve and the diagonal-can be calculated 
by dividing the slope coefficient from a regression 
of income on the recipient’s relative rank by mean 
income and multiplying by twice the variance of 
the relative rank variable.” (It is this result that 
was used in the discussion above to derive the 
relationship between the SZZ and the concentra- 
tion index.) Since the generalized Lorenz curve is 
simply the standard Lorenz curve scaled up by 
mean income, it follows that twice the area 
between the generalized Lorenz curve and the 
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relevant diagonal is equal to the same regression 
coefficient multiplied by twice the variance of the 
relative rank variable. By analogy, our new 
concentration index, C ' ,  can be calculated by 
using WLS to run a regression of latent health on 
the group's relative rank, and then multiplying the 
slope coefficient from this regression by twice the 
variance of Rr.  It can be verified that one indeed 
obtains precisely the same result using this regres- 
sion method as one does using the formula for C' 
above. 
A standard lognormal latent health variable 
A weakness of the above approach is that it 
rules out any skewness in the distribution of the 
latent health variable. Since many measures of 
health are known to have skewed distributions 
(typically persons suffering from serious ill-health 
are in a minority and a large proportion of any 
general population sample report good health), it 
seems desirable to allow for skewness. 
One possible strategy is to  use the standard log- 
normal distribution rather than the standard 
normal distribution. To ensure that the latent 
health variable is skewed in the appropriate 
direction, we assume that z = In [ -y*] has a stan- 
dard normal distribution. We assume, in other 
words, that y * =  -e z  has a standard lognormal 
distribution. Evidently, in contrast to  the case 
where y* was assumed itself to have a standard 
normal distribution, in this case y*  is decreasing 
in health. The mean and variance of y*  are 
respectively l 8  
E [ y * ]  = E [  -ez]  = -e0+0.5.1 = 1.649 
var(y*) = var(e') = e2.0+'(e' - 1) = 4.671, 
so that again in contrast to  the previous case, the 
mean of y* is now positive. Calculation of the 
values of y*  is straightforward: l 9  one simply 
divides up the area under the standard normal dis- 
tribution and works out the normal scores as 
before, but now these are to  be interpreted as the 
logarithms of the negative of the corresponding 
value of y * .  The corresponding values of y *  can 
therefore be obtained simply by exponentiating 
the normal scores and taking their negatives. 
Since y*  is always positive, the standard illness 
concentration curve can be used to assess 
inequalities in health. 
SOME EMPIRICAL ILLUSTRATIONS 
In this section we report the results of some 
empirical illustrations of the proposed new 
approach to  measuring inequalities in health with 
multiple-category morbidity indicators. 
Inequalities in health in the Netherlands: 
1989190 and 1991192 
The sensitivity of the ordering of the two pairs 
of years to  the choice of cut-off point in the tra- 
ditional dichotomization approach prompts the 
question: which pair of years has the more equal 
health distribution if the new approach is used? 
Table 2 shows the frequencies and the estimated 
normal scores-the 2j,-for 1989190 and 1991/92 
on the assumption that y*  has a standard normal 
distribution. Table 3 shows the sample frequen- 
cies and the mean values of latent health for each 
income group for the two pairs of years. The 
latter are graphed as concentration curves in 
Figure 4; the 1991/92 concentration curve cuts the 
1989/90 curve three times, but for the most part 
lies further from the horizontal axis than the 
1989/90 curve. This is reflected, naturally, in a 
larger concentration index for 1991192. Thus 
although the concentration curves do not give an 
unambiguous result, the picture seems to  be one 
of rising inequality in self-assessed health in the 
Netherlands over the period in question, though 
the increase is small and may not be statistically 
significant. Nonetheless, the result contrasts with 
the picture which emerged when the dichotomiza- 
tion approach was used with the cut-off point set 
at the second lowest category. 
Tables 4 and 5 and Figure 5 show the corre- 
sponding results when y* is assumed to  have a 
Table 2. Calculation of latent health variable assuming 
y* has a standard normal distribution 
1989190 1991/92 
Category f Y *  f Y* 
1 2.4% - 2.3543 2.5% -2.3404 
2 5.3% -1.6609 5.1% -1.6595 
3 12.6% -1.0960 13.3% -1.0859 
4 54.2% - 0.0712 53.0% -0.0699 
5 25.5% 1.2590 26.1% 1.2467 
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Income group 
1 
2 
3 
4 
5 
6 
Total 
C' 
1989/90 1991 / 92 
Yo sample 
24.6% 
16.7% 
17.3% 
16.1% 
16.1% 
9.1% 
100.0% 
Y *  
- 0.2502 
- 0.0394 
- 0.0047 
0.0987 
0.1961 
0.2290 
0.0000 
0.0942 
Vo sample Y* 
19.9% - 0.2765 
14.4% - 0.1312 
17.2% 0.0076 
16.5% 0.0974 
19.8% 0.1183 
12.2% 0.2737 
100.0% 0.0000 
0.0978 
Table 4. Calculation of latent health variable assuming 
y* has a standard lognormal distribution 
1989/90 199 1/92 
Category f Y *  f Y *  
5 25.5% 0.2839 26.1% 0.2875 
4 54.2% 1.0738 53.0% 1.0724 
3 12.6% 2.9922 13.3% 2.9620 
2 5.3% 5.2638 5.1% 5.2564 
1 2.4% 10.5309 2.5% 10.3851 
standard log normal distribution. Note that in 
Table 4 the ordering of the self-assessed health 
categories has been reversed, reflecting the fact 
that y*  is now increasing in ill-health. The nega- 
tive values of the illness concentration index 
indicate that inequalities in health favour the 
better-off and the indices' respective values are in 
accordance with the result obtained when y * was 
assumed to have a standard normal distribu- 
tion-inequality was apparently slightly higher in 
1991/92 than in 1989/90. However, as is clear 
from Figure 5 ,  the concentration curves cross (and 
therefore the result is not unambiguous) and, 
moreover, the curves are extremely close to one 
another. 
Standardization for age and sex differences 
The new approach proposed above can easily be 
adapted to allow the data to be age-sex standard- 
ized. Since standardization is usually undertaken 
using dichotomous variables, it may be useful to 
set out the procedure in the case where multiple- 
category variables are involved. 
Table 5. Inequalities in latent health-The Netherlands, 1989/90 and 
1991/92 assuming y*  has a standard lognormal distribution 
1989/90 1991/92 
Income group Vo sample 
24.6% 
16.7% 
17.3% 
16.1% 
16.1% 
9.1qo 
Total 100.0% 
C 
Y *  
2.0782 
1.6450 
1 S672 
1.3231 
1.1618 
1.1417 
1.5624 
-0.1220 
070 sample Y*  
19.9% 
14.4% 
17.2% 
16.5% 
19.8% 
12.2% 
100.0% 
2.1157 
1.8714 
1 S404 
1.3415 
1.2894 
1.0873 
1.5646 
-0.1254 
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Fig. 4. Generalized latent health concentration 
curves-The Netherlands, 1989/90 and 1991/92. 
Recall first how the standardization works for 
dichotomous variables. Let mi2 be the morbidity 
rate for demographic group i in socioeconomic 
class t and f i r  be the fraction of the sample in the 
same group. Then the standardized morbidity rate 
for socioeconomic class t is 
m: = C fimit (10) 
i 
c m u l  
and the standardized number of persons reporting 
illness is 
M:= f ;Nfmif  
i 
f i  = C -Mir 
i f i r  
where Nf is the number of persons in 
socioeconomic group t and Mif is the number of 
persons reporting illness in demographic group i 
and socioeconomic group t .  By analogy the stan- 
dardized number of persons falling into morbidity 
category j can be calculated as 
where Mijf is the number of persons in demo- 
graphic group i in socioeconomic group t falling 
into morbidity category j .  
Table 6 shows the unstandardized and stan- 
dardized frequencies for each income group for 
the pooled sample of Health Interview Surveys for 
1989, 1990, 1991 and 1992. Figure 6 shows the 
corresponding concentration curves on the 
assumption that y* has a standard normal distri- 
bution. It is evident that the effect of the age-sex 
standardization is to reduce the degree of ine- 
1989190 
0% 20% 40% 60% 80% 100% 
cumul % of sample ranked by income 
Fig. 5. Latent ill-health concentration curve-The Netherlands, 1989/90 and 1991/92. 
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Table 6. Standardized frequencies for self-assessed health variable 
Income 
group 
1 
2 
3 
4 
5 
6 
Total 
Unstandardized Standardized 
1 2 3 
196 357 803 
94 194 43 1 
74 176 404 
38 109 339 
34 101 293 
17 38 154 
453 975 2424 
4 
2023 
1480 
1744 
1719 
1948 
1093 
10007 
5 1 2 3 
781 
703 
826 
847 
975 
682 
4814 
197 347 
87 187 
77 183 
41 112 
43 116 
16 39 
460 985 
709 
415 
422 
364 
346 
178 
2434 
4 5 
2062 846 
1496 717 
1732 810 
1718 817 
1914 930 
1091 659 
10012 4778 
0.00 1 
-0.02 
cumul amount 
of latent health -o,04 
-0.06 
00 0 2090 409 o 609 o 80°0 loo00 
cumul ? b  of sample ranked by income 
t Unsundardizcd + Standardized 
Fig. 6. Effect of age-sex standardization on inequality in latent health. 
quality in latent health-a result which is not 
altogether unexpected. 
CONCLUSIONS AND DISCUSSION 
It has been seen in this paper that dichotomizing 
categorical health indicators when analysing ine- 
qualities in health is potentially unreliable. We 
showed that the degree of measured inequality 
appears to depend on the cut-off point chosen-in 
our case, at least, the higher the cut-off point, the 
lower was the degree of measured inequality-and 
that one’s conclusions concerning trends in (or 
differences in) health inequality can be sensitive to 
the choice of cut-off point. We found in the case 
of the Netherlands, for example, that inequality in 
self-assessed health could have increased or fallen 
at the end of the 1980s depending on where the 
cut-off point is set in the categorical question 
concerning self-assessed health. 
The paper went on to  propose an alternative 
approach, which involves postulating the exist- 
ence of a continuous latent self-assessed health 
variable underlying the categorical variable used 
in the health interview survey. In this paper we 
assumed that this latent health variable has either 
a standard normal distribution or a standard log- 
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normal distribution, the latter assumption having 
the attraction of allowing for the fact that most 
measures of health have a skewed distribution. An 
attraction of these assumptions is that they force 
the latent health variable to  have the same mean 
(zero in the case of the standard normal assump- 
tion and 1.649 in the case of the standard log- 
normal assumption) and the same variance (one in 
the case of the standard normal assumption and 
4.671 in the case of the standard lognormal 
assumption), irrespective of the number of cate- 
gories in the original question and irrespective of 
the distribution of cases across these categories. 
The latter allows us to  abstract from any differ- 
ences in mean self-assessed health across 
surveys-something that is desirable given our 
interest in relative inequality. Having obtained 
values of the latent health variable for each case, 
we then measured inequalities in health with refer- 
ence to  a health concentration curve, appro- 
priately modified in the case where the latent 
health variable is assumed to have a standard 
normal distribution. Applying this approach to  
the Dutch data suggests that-irrespective of 
whether latent health is assumed to  have a stan- 
dard normal distribution or a standard lognormal 
distribution-inequalities in health rose slightly at 
the end of the 1980s. 
The approach outlined in this paper could, of 
course, be applied to any ordinal health indicator, 
though given that it is the sample proportions that 
determine the thresholds, it is only in the case of 
multiple-category indicators that the approach 
seems likely to be more useful than the dicho- 
tomization approach. Many health interview 
surveys ask whether the respondent suffers from 
specific chronic conditions and if so whether they 
limit his or her daily activities. The responses for 
each condition could be combined into a three- 
category ordinal indicator-(i) the person does 
not have the chronic condition in question, (ii) he 
o r  she has it but it is non-limiting, and (iii) he or 
she has it and it is limiting-and then the 
approach outlined in this paper could be used to 
assess the extent of inequalities in the chronic con- 
dition. Other possible uses of the method clearly 
exist. 
There is one issue which merits discussion, 
namely the possibility that different income 
groups may have different expectations concern- 
ing their health. There is some evidence that the 
worse-off tend to underestimate their ill-health. 
The implication is that we would expect people in, 
say, the lowest income group to  report their 
health as, say, fair when a better-off person with 
the same conditions would report it as being poor. 
This means that persons in the lower income 
group will tend to  be in higher self-assessed health 
categories than is warranted given their objective 
health and vice versa for peo le in the higher 
income groups. Our value of y will therefore be 
too high for the lower income groups and too low 
for the higher income groups. The degree of ‘true’ 
inequality in health will therefore be understated 
by our approach. But the same is true, of course, 
of the dichotomization approach. Ideally one 
would like to allow for different mean values of 
y*  for different income groups (which we do) and 
for different thresholds (which we don’t). We 
could allow for different thresholds in our 
approach but only by forcing each income group 
to  have the same mean value of y*. The only way 
to allow for both would seem to combine infor- 
mation on self-assessed health with ‘objective’ 
measures of health. This is a task we leave for 
future research. 
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